This paper contributes to the analysis of growing income inequality in China. We apply a structural model of economic geography to data on per capita income over 190 Chinese cities between 1995 and 2002, and evaluate the extent to which market proximity and spatial dependence can explain the growing income inequality between Chinese cities. The econometric specification explicitly incorporates spatial dependence in the form of spatially-lagged per capita income. We show that the geography of market access and spatial dependence are significantly correlated with per capita income in China. Market access is particularly important in cities with smaller migration inflows, which is consistent with NEG theory, whereas spatially-lagged per capita income matters more in cities with greater immigration. We conclude that the positive impact of spatially-lagged income partly results from labor mobility between neighbors, so that spatial dependence reflects the influence of migration, knowledge transfers and increasing competition between cities.
Introduction
Over the last two decades, China has benefited from unprecedented income growth, but at the price of large and increasing spatial income disparities (Meng et al., 2005) .
We see that regions with low per-capita income are predominantly found at the geographical periphery, while richer regions are located at the center. This core-periphery structure is consistent with the New Economic Geography (NEG) theory. This theory appeals to increasing returns to scale and transport costs to explain the agglomeration of economic activity (Krugman, 1991 and Krugman and Venables, 1995) . One key determinant of the regional income level in NEG models is the spatial distribution of demand. Locations closer to consumer markets (i.e. with better "market access") enjoy lower transport costs and have therefore a higher income (Fujita et al., 1999) .
This positive relationship between income and market access is modeled in the NEG "wage equation" and has first been confirmed empirically in a cross-country study by Redding and Venables (2003) .
Recent empirical work on Chinese data highlights the role of economic geography in the explanation of domestic inequality and includes Lin (2005) , Ma (2006) , De Sousa and Poncet (2007) and Hering and Poncet (2009) 
Most of this work on China relies on province-level data on market access and income to show that greater market proximity is associated with higher wages, but these findings have also been confirmed at the micro level (Hering and Poncet, 2009 ).
NEG theory further predicts that the correlation between wages and the demand for local production will be stronger in regions with less immigration. If demand for products coming from a given region increases, new workers are needed to ensure a higher production. In case of low immigration, the region experiences a relative lack of workers and cannot satisfy the additional demand. Consequently, goods prices and in turn wages rise more in these regions.
1 This may produce spatial heterogeneity in the effect of market access on wages due to migration. This issue has only been tested indirectly in Hering and Poncet (2009) by allowing the impact of market access to vary between qualified and unqualified workers, with the latter being more likely to migrate.
A number of other criticisms can be addressed to the work discussed above. First, differences in endowments, policies and institutions across locations are not properly controlled since location fixed effects are not included.
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A second possible shortcoming is that each location is assumed to be an isolated entity. But individual geographical units are relatively well-integrated due to migration, inter-regional trade, and technology and knowledge spillovers, as well as institutions (Buettner, 1999) , which produce spatial dependence between locations.
This means that economic characteristics, such as income, may be correlated across localities.
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Spatial dependence is considered to be a powerful force in the convergence process 1 The model considers labor as the only input and sets long-run profits equal to zero, so that any rise in prices translates into higher wages. However, similar results will pertain with different inputs or positive profits.
2 Hering and Poncet (2009) , who look at the impact of market access at the city level, account for fixed effects only at the more aggregated provincial level.
3 Spatial dependence refers to the absence of independence between geographic observations, and is defined as the correlation of a variable across geographic units. Spatial dependence should not be confused with spatial heterogeneity, which occurs when parameters vary across countries or regions depending on their location. (Rey and Montouri, 1999) , so that its omission in estimations could result in serious misspecification (Abreu et al., 2005) . This problem has been highlighted in the Chinese context by Ying (2003) , who estimates output growth using provincial data over the 1978-1998 period. A number of analyses of foreign direct investment in China have revealed the importance of spatial dependence at the provincial (Cheung and Lin, 2004; Coughlin and Segev, 2000) and city levels (Madariaga and Poncet, 2007) .
Even though spatial econometrics has received increasing attention over recent years, past research on the impact of market access on income (whether in China or elsewhere 4 ) has mainly ignored these potential problems and consequently the resulting parameter estimates and statistical inference are open to criticism. Hanson (2005) and Mion (2004) were the first to address the issue of spatial dependence in a NEG framework, based on the Krugman-Helpman model. Fingleton (2006) uses the same theoretical model to test NEG theory against urban economics theory, showing that taking spatial dependence into account can render market potential insignificant when using data at a very fine geographical level.
The current paper contributes to the better understanding of the relationship between market access and spatial inequality in China, mitigating the shortcomings of the previous literature by relying on a panel data set covering 194 Chinese cities between 1995 and 2002. With data on a number of years for a considerable number of locations at a fine geographical level, we can introduce fixed effects by city into our regressions to control for scale economies and factor endowments.
One important contribution of this paper consists in asking whether the impact of market access depends on the intensity of immigration or other city-level characteristics.
By explicitly incorporating spatial dependence in the form of spatially-lagged per capita income, we ensure that the effect of market access is purged of any agglomeration effects, which allows us to draw a more precise picture of the spatial interaction between locations. Whereas in the spatial econometrics literature authors rarely search for the sources of spatial dependence, we here investigate the channels through which income per capita is affected by the income in neighboring cities, notably via migration.
Our results confirm that access to sources of demand is indeed important in shaping income dynamics in China. While spatial dependence between Chinese cities also significantly matters for the spatial distribution of income, including spatially-lagged income does not affect significantly our estimates of the effect of market access. We estimate the elasticity of city-level per capita income to market access to be 0.07.
This figure is slightly lower than that of market access on wages from province-level data in De Sousa and Poncet (2007) , and from individual data by Hering and Poncet (2009) . Growing differences in trade costs and market size between Chinese cities will therefore lead to increasing income inequality.
To see whether labor supply in the form of internal immigration influences the impact of market access on wages we ask whether the relationship between market access and income holds across all cities equally, or whether it holds only for locations with low or high levels of immigration. Our results are very consistent with the NEG model, which predicts that the relationship between market access and income will be weaker as migration rises. We find that doubling market access leads to a 11% rise in income in locations with low immigration, but only a 3% rise in locations with high immigration. Our results confirm those in De Sousa and Poncet (2007) and Hering and Poncet (2009) : the further liberalization of internal migration may help to mitigate widening spatial income inequality fueled by the further opening of the country.
In order to explain the economic mechanisms behind the spatial dependence, we test whether spatially-lagged income has a greater impact when the city has higher intra-provincial immigration or is surrounded by well-developed infrastructure. If this is the case, then the mobility of individuals and the knowledge transfers associated with these two features may well be important channels through which proximity affects economic development.
This paper proceeds as follows. Section 2 outlines the theoretical framework from which the econometric specification is derived. Section 3 briefly discusses the role of spatial dependence and how it is taken into account in our estimations, and Section 4 presents the data and develops the empirical strategy. Section 5 discusses the results and Section 6 concludes.
Theoretical framework: geography and income level
The theoretical framework underlying our empirical analysis is that of a standard New Economic Geography model (Fujita et al., 1999) to which worker skill heterogeneity across regions is added (Head and Mayer, 2006) . 
Demand side
All consumers in region j share the same Cobb-Douglas preferences for the consumption of both types of goods (A and M):
where µ denotes the expenditure share of manufactured goods. M j is defined by a constant-elasticity-of-substitution (CES) sub-utility function of n i varieties:
where q ij represents the demand by consumers in region j for a variety produced in region i, and σ is the elasticity of substitution. Given the expenditure of region j (E j ) and the c.i.f. price of a variety produced in i and sold in j (p ij ), the standard two-stage budgeting procedure yields the following CES demand q ij :
where G j is the CES price index for manufactured goods, defined over the c.i.f. prices:
Supply side
Transporting manufactured products from one region to another is costly. The iceberg transport technology assumes that p ij is proportional to the mill price p i and shipping costs T ij , so that for every unit of good shipped abroad, only a fraction (
Thus, the demand for a variety produced in i and sold in j shown in eq. (3) can be written as:
To determine the total sales, q i , of a representative firm in region i we sum sales across regions, given that total shipments to one region are T ij times quantities consumed: where
represents the market access of each exporting region i (Fujita et al., 1999) . Each firm i earns profits π i , assuming that the only input is labor:
where w i and i are the wage rate and labor demand for manufacturing workers respectively. 5 We follow Head and Mayer (2006) in taking worker skill heterogeneity into account. 6 We assume that labor demand, , depends on both output, q, and workers' education, h, as follows:
where F and c represent the fixed and marginal requirements in "effective" (educationadjusted) labor units. The parameter ρ measures the return to education and shows the percentage increase in productivity due to an increase in the average enrollment rate in higher education. Replacing (9) in (8) and maximizing profits yields the 5 Perfect competition in the agricultural sector implies marginal-cost pricing, so that the price of the agricultural good p A equals the wages of agricultural laborers w A . We choose good A to be the numeraire, so that p A = w A = 1. 6 The role of spatial differences in the skill composition of the work force as an explanation of the spatial wage distribution is analyzed in detail in Combes et al. (2008) .
familiar mark-up pricing rule:
for the varieties produced in region i. Given this pricing rule, profits are:
We assume that free entry and exit drive profits to zero. This implies that the equilibrium output of any firm is:
Using the demand function (6), the pricing rule (10) and equilibrium output (12), we can calculate the manufacturing wage when firms break even:
Equation (13) relates location i's income level to market access and education.
This equation illustrates the two different ways in which a location can adjust to a shock, for example an increase in local demand, E: the price and the quantity adjustment (Head and Mayer, 2006) . First, in the case of perfect factor mobility, the number of firms and workers may increase, which affects the price index G. In this case, the adjustment takes place inside
for the change in E and total market access is unaffected (quantity adjustment). Thus in a context of full mobility of workers, wages should not depend on M A. Income inequality between cities does not derive from differences in their relative position to demand. Alternatively, in the case of no factor mobility, the number of firms and workers remains unchanged and the change in
rise which in turn translates into a wage increase (price adjustment). Thus in the case of factor mobility restrictions, higher demand drives up prices, which is compensated by an increase in wages to ensure that the zero-profit condition holds.
In China, migration has long been severely restricted by a specific Chinese institution: the hukou system. The hukou is a system of household registration, forcing people to live and work in the place where they have an official registration. This system controls population and renders migration costly since local authorities can impose various hurdles to obtaining the necessary registration (Au and Henderson, 2006) . We thus expect prices and wages to adjust following a change in demand so that city level income per capita is correlated to access to markets. Section 5.1 will confirm this prediction. In Section 5.2 we extend the empirical assessment and investigate the role of immigration on the impact of M A. As explained above, we anticipate that cities characterized by large migration inflows display a lower wage elasticity to market access. By contrast the price adjustment is expected to be stronger in cities with low immigration.
The role of spatial dependence
A considerable literature is devoted to the importance of spatial patterns at the subnational level (see for example Abreu et al. (2005) for a survey of the literature on spatial factors in growth). Consequently, Chinese cities in our analysis are not treated as isolated geographical areas (Fingleton, 1999; Rey and Montouri, 1999) , but it is rather assumed that the income of a Chinese city may be linked to its neighbors'
incomes. The degree of these spatial interactions is assumed to follow Tobler's (1970) first law of geography: "everything is related to everything else, but near things are more related than distant things".
Spatial dependence can come from different sources. It can result from the omission of variables with a spatial dimension, such as climate, latitude or topology. Spatial dependence is also often generated by spillovers (such as technology externalities)
due to the mobility of goods, workers or capital.
Econometrically, spatial dependence can take two forms. 7 The first is spatial autocorrelation. This describes how regional income per capita can be affected by a shock to income per capita in surrounding locations. That is to say, a shock in surrounding localities spills over through the error term. If spatial autocorrelation is erroneously ignored, standard statistical inferences will be invalid; however, the parameter estimates are unbiased.
In this paper, we adopt (following the diagnostic tests discussed in Section 4.3 and shown in Table A .1 of Appendix A) the spatial lag model. This is of particular interest 7 See Anselin and Bera (1998) for an excellent introduction to spatial econometrics.
in testing theories of economic growth (Blonigen et al., 2007) . In the spatial lag form, spatial dependence is captured by a term similar to a lagged dependent variable and is thus often referred to as spatial autoregression. Using standard notation, this type of regression model can be written as: y = ρW y + βX + , where y is a n-element vector of observations on the dependent variable, W is a n by n spatial-weighting matrix, X is a n by k matrix of k exogenous variables, β is a k element vector of coefficients, ρ is the spatial autoregressive coefficient that is assumed to lie between -l and +1, and is a n-element vector of error terms. The coefficient ρ measures how neighboring observations affect the dependent variable. Ignoring the spatial autoregressive term means leaving out a significant explanatory variable, so that the estimates of β are biased and all statistical inference is invalid.
Data and construction of variables
We here wish to evaluate the extent to which proximity to markets can explain growing income inequality within China. Section 4.1 describes the data set. Section 4.2 spells out how our main variable of interest, market access, is constructed, and Section 4.3 explains how spatial dependence is accounted for to ensure unbiased estimates.
Data
The data set comes mainly from two city-level sources: (1) Although the model provides predictions on nominal wages, data limitations forced us to rely on GDP per capita. The same proxy for wages has been used also by Redding and Venables (2004) . The problem with the wage data is two-fold. First, wage data is measured based on a survey of staff and workers instead of the total employed population and is thus clearly over-estimated. Second, there are a lot of missing values in the series. GDP per capita, although imperfect, does not suffer from those problems. The natural logarithm of this variable is then used to calculate the spatial lag variable, as described in Section 4.3.
Our baseline specification contains a human capital variable, which we obtain by dividing the city's student enrollment in institutions of higher education by the city's total population.
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Our regressions further introduce three indicators to account for city-specific in-8 These cities are Hegang, Tongchuan, Guigang, Beihai and Yunfu. 9 Institutions of higher education refer to establishments which have been set up according to government evaluation and approval procedures, enrolling high-school graduates and providing higher-education courses and training for senior professionals. These include full-time universities, colleges, and higher/further education institutes.
come determinants: the capital stock, the stock of foreign direct investments (FDI stock) and employment.
The city's capital stock is calculated following the standard approach using yearly investment flows I and a depreciation rate, δ, of 5%. The formula is given by
where K t = I t for 1990.
10 The FDI stock is calculated in the same way. Both variables are expected to be positively correlated with income, since, for a given number of workers, greater capital stock implies higher productivity and therefore higher wages and income.
Employment data will be used to reflect the urban employment level, as this latter is known to be negatively correlated with regional wages and therefore incomes.
In order to investigate how the intensity of incoming migration affects the sensitiveness of income to market access, we will differentiate between high and low migration cities based on city-level migration data, which comes from the 2000 Population Census. 
Construction of market access
We compute the city-level market access as in Hering and Poncet (2009) . This method follows the strategy pioneered by Redding and Venables (2004) The estimated specification is derived as follows. Summing Equation (5) over all of the goods produced in location i, we obtain the total value of exports from i to j:
where n i is the set of varieties produced in country i, s i measures the "supply capacity" of the exporting region, m j = G σ−1 j E j the "market capacity" of region j,
the "freeness" of trade (Baldwin et al., 2003) .
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Freeness of trade is assumed to depend on bilateral distances (dist ij ) 12 and a series of dummy variables which indicate whether provincial or foreign borders are crossed.
11 The variable φ ij ∈ [0, 1] equals 1 when trade is free and 0 when trade is entirely eliminated due to high shipping costs.
12 The internal distance of a Chinese province or a foreign country i is modeled as 2 3
area ii /π. Substituting Equation (15) into (14), capturing unobserved exporter (ln s i ) and importer (ln m j ) country characteristicsà la Redding and Venables (2004) with exporting and importing fixed effects (cty i and ptn j ), adding a time dimension and taking logs yields the following trade regression:
We estimate Equation (16) for the period 1995 to 2002, using our complete data set of trade, but allow the coefficients and fixed effects to vary across years. Recall from Equation (7) that market access for each year is defined as M A i = R j=1 φ ij m j = R j=1 φ ij exp(ptn j ), the trade cost-weighted sum of the market capacities of all partner countries.
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To compute the market access of cities, we apply Head and Mayer's (2006) allocation rule, whereby the estimated market capacity m j = G σ−1 j E j of province j is allocated to subunits (cities) c according to their share in province j's economic activity. This allocation rule relies on two hypotheses. The first is homotheticity, so that the expenditure of city c is given by E c = (y c /y j )E j , where y c /y j is city c's share of provincial GDP. The second is that G j , the supply index, is approximately constant within provinces, i.e. G c = G j for all cities in j. These two assumptions together yield the market capacity of each city, m c = (y c /y j )m j .
The province-level market capacity (m j ), is then allocated to cities in province j according to the GDP share of each constituent city c:
Note that while the lack of sub-provincial trade data forces us to choose an allocation rule for provincial competition-weighted expenditure, m, the other component of market access, φ, uses genuine city-level information.
The market access of city c in province P then consists of four parts: local market access (intra-city demand); provincial market access (rest of the province); national market access (demand from other Chinese provinces); and world market access.
where P , C and F stand for the city's province, the rest of China and foreign countries, respectively. The parameters δ t , ϑ t , ϕ t and ψ t , as well as ptn jt , are estimated in the trade equation, while dist cj are the great circle distances between c and j.
Calculation of spatially-lagged income
In this paper, the spatial lag of income per capita is introduced to ensure that any positive significant impact of market access is not affected by the spatial correlation of observations. The robust Lagrange Multiplier tests suggest that spatial dependence in our data is probable. The tests reported in Table A -1 in Appendix A reject the null hypothesis of error autocorrelation while they do not reject the presence of a spatial autoregression at the 10% confidence level. We therefore consider a spatial lag model.
The construction of the model relies on the weight matrix W , which contains information about the relative dependence between the cities in our sample. The literature suggests a number of alternative weighting methods. The most widely-used are based on contiguity and distance between localities, but differ in the particular functional form retained. As recommended by Anselin and Bera (1998) and Keller (2002) , the elements of the matrix have to be exogenous 14 , otherwise the empirical model becomes highly non-linear. We choose a spatial weighting matrix W that depends exclusively on the geographical distance d cj between cities c and j, since the exogeneity of distance is absolutely unambiguous. We use the inverse squared distance in order to reflect a gravity relation. The distance-based weights, w cj , are thus defined as
The distance of 800 km is the cut-off level above which interactions are assumed to be negligible. This is important since there must be a limit to the range of spatial dependence allowed by the spatial weights matrix (Abreu et al., 2005) . 15 We will check that our results are robust to changes in the cut-off level.
The matrix W is then row-standardized (with w * cj being an element of the standardized weight matrix) as w * cj = w cj / j w cj , so that each row sums to one and each weight may be interpreted as the city's share in the total spatial effect.
Using the standardized weight matrix W , our spatially-lagged income variable, spatial lag, is then given by W y ct = j =c (y jt w * cj ).
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5 Empirical estimation results
Benchmark estimates
Having calculated market access at the city level, M A c , and the spatial lag of our dependent variable, we can now estimate our human-capital augmented version of the wage equation. Taking the natural logarithms of Equation (13), introducing a time dimension and controlling for time-invariant city effects, η c , and common time effects, λ t , yields the following estimation equation:
Our benchmark estimates are obtained using panel regression techniques (citylevel and year fixed effects). We report bootstrap standard errors to control for the potential econometric problem that arises from the two-step calculation of our market access variable. This variable is calculated from parameters that are themselves estimated with standard errors in an initial regression. As a consequence we verified that our results were robust to the correction of the biased standard errors by applying the "bootstrap" procedure to each of our regressions.
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Column 1 of Table 1 shows the estimates of Equation (19), which reveal a positive and significant impact of market access and human capital on per capita income. As 16 While income per capita varies over time, the spatial weight matrix remains unchanged. 17 Only Column 8 of of Table 1 does not display bootstrap standard errors.
discussed by Head and Mayer (2006) , the intercept a depends on the input requirement coefficients F and c. These are likely to vary across cities and time due to differences in capital intensity. As such, from Column 2 onwards, we control for citylevel capital stock and employment, whose estimated parameters are of the expected sign.
In Column 3, we introduce the spatially-lagged dependent variable, to account for any spatial dependence in China. As explained above, the spatial lag of income per capita y in city c corresponds to the sum of spatially-weighted values of y for the surrounding locations.
The results suggest that spatial dependence between Chinese cities is important but that it does not alter our estimates of the determinants of city income. The estimated coefficients on the other explanatory variables are little changed from those in column 1. Accounting for spatial dependence leads to an increase of one percentage point in the R 2 statistic.
Before looking in detail at the impact of market access, we consider two robustness checks for our spatial lag variable. As described in Section 3, the variable in Column 3 relies on a cut-off of 800 km. The results with other cut-offs for the spatial lag are very similar to those in Column 3, as shown in Columns 4 and 5 which are based on cut-offs of 600 km and 1,200 km, respectively.
Our estimates of the elasticity of city-level per capita income to market access are robust to the control for spatial dependence in per capita income. This coefficient of 0.07 is slightly lower than those obtained in province-level data by De Sousa and Poncet (2007) , and in individual data by Hering and Poncet (2009) .
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Growing differences in trade costs or market size between Chinese cities can therefore produce rising income inequality. Our benchmark estimates ( To ensure that our results are reliable, Column 6 introduces population density, as larger and/or denser cities should benefit more from knowledge spillovers between firms and workers, leading to greater worker productivity and incomes. The first five columns did not sufficiently control for this aspect, so significant market access could reflect a size effect caused by spillovers between firms. The results show that the impact of M A is slightly reduced when population density is controlled for; this does not however change the flavor of our results.
We have not as yet addressed the potential simultaneity problem. City fixed effects control for time-invariant omitted variables, but reverse causality remains an issue. Market access, as an explanatory variable, is a weighted sum of all potential expenditures, including local expenditures. These expenditures depend on income, raising the concern of reverse causality. Since a positive income shock will raise E and thus M A, we use a two-fold approach to test the robustness of our estimates: we first estimate our equation in first differences (Column 7); second, we instrument market access (Column 8). In Hering and Poncet (2009) market access is instrumented by a variable called centrality, which measures the distance of each city in the sample to the center of every inhabited 1
• by 1 • cell in the world population grid. Here, we appeal to panel data, so centrality is not a valid instrument for market access, as it does not vary over time. In Column 8, we thus resort to two instruments which are inspired by the GMM strategy, even though they significantly reduce our sample size:
the first and second differences in market access. Hansen's J-test of overidentifying restrictions does not significantly reject the validity of our instruments. We also report the Cragg-Donald F-statistic, suggested by Stock and Yogo (2002) as a global test for weak instruments (i.e. it tests the null hypothesis that a given group of instruments is weak against the alternative that they are strong). Our instrument set is accepted as strong, since the Cragg-Donald F-statistic exceeds the critical value of 10% maximum bias of the IV estimator relative to OLS at the 5% confidence level.
The next step is to carry out the Durbin-Wu-Hausman test, which tests for the endogeneity of market access in an IV regression. Since this test does not reject the null hypothesis of exogeneity of market access (at the 10% confidence level), we report the OLS estimates since they are more efficient than IV estimates (Pagan, 1984) . All of the test statistics are displayed at the bottom of Table 1 .
The heterogeneous influence of market access
One novel contribution of this paper is to test whether the relationship between market access and income depends on city characteristics. It is likely that the contribution of market access to income inequality in China is rooted in not only the heterogeneity of market access across cities but also the heterogenous impact of market access on income, depending on city characteristics, and notably immigration intensity.
According to our theoretical model, in the case of quasi-infinite labor supply for the manufacturing sector, wages will respond only little to changes in demand from international and local markets. This relates to the two different mechanisms by which the local economy can adjust to a change in the demand for its goods: either quantitative adjustment with new workers filling positions to answer the additional demand, or, in the case of insufficient labor mobility, adjustment takes the form of a change in prices, so that income rises with market access.
To see whether the impact of market access depends on immigration intensity, we consider two sub-samples: high-and low-immigration cities. The immigration rate used to make this distinction is taken from the 2000 population census, and is calculated as the ratio of incoming population with household registration in another city or county of the same province or another province over the city's total population.
For cities with above-median immigration the "High immigration" dummy equals 1; those below the median are classified as low immigration.
Column 1 interacts market access with this "High immigration" dummy, while columns 2 and 3 run separate regressions for high-and low-immigration cities. Our results are consistent with the predictions: the market-access coefficient is large and significant at the 1% level in cities with low immigration; in high-immigration cities, market access has a much smaller effect, as shown by the negative and significant coefficient on the interaction term in Column 1 and the coefficients on market access in Column 2 and 3. According to these estimates, a doubling of market access is associated with a 11% rise in income in low-immigration locations, compared to a 3% rise in high-immigration locations. Our results are in line with those in Hering and Poncet (2009) , who noted, using individual wage data, a greater effect of market access on the wages of skilled workers. They argue that high-skilled workers are likely to benefit more from market access as they are less at risk from migrants, who are in the majority low skilled.
No such heterogeneity results when economic development (instead of migration)
is used to differentiate cities.
19 Given the insignificant interaction term of market access and the level of income per capita in Column 4, the impact of market access does not seem to be significantly different between these two groups.
What lies behind spatial dependence?
So far, we have only established that spatial dependence plays a role in determining the spatial distribution of income within China. The next step is to understand what lies behind this effect.
We have already taken the demand side into account via market access, so the significant spatial lag effect must reflect something other than pure demand. Two potential candidates are technology and knowledge spillovers. To check this hypothesis, we see whether the impact of spatial lags is stronger in environments which are more favorable to the exchange of ideas and factors.
We use two proxies for the ease of communication between neighboring cities: the rate of intra-provincial migration and the quality of the surrounding infrastructure.
As in the previous section, we create two dummy variables, "High internal migration"
and "Good surrounding infrastructure", that we interact with the spatial lag.
As before, we use migration data from the 2000 population census, which distinguishes between migrants coming from the same province and those coming from other provinces. High internal immigration cities are those where the percentage of population coming from a different location within the same province is above the median.
To see whether a city is surrounded by good infrastructure we calculate the spatial lag of the variable "density of streets". 20 "Good surrounding infrastructure" cities have values of this spatial lag of infrastructure above the median.
Both variables, intra-provincial migration and the spatial lag of infrastructure, reflect the mobility of factors and goods between closely located cities. We imagine that spatial dependence may have a stronger impact in regions with greater labor mobility. First, with greater mobility, wages in one location will move in line with wages in surrounding cities, to avoid losing workers to neighbors. Second, migration creates spillovers. Migrants from more productive cities bring knowledge with them which may well improve productivity in the immigration location. Last, a city that is known to accept migrants and offer job opportunities might attract qualified migrants and consequently increase productivity and income.
A well-developed infrastructure facilitates communication and commuting between cities and therefore knowledge transfers and spillovers. Fewer impediments to the exchange of factors and goods will intensify the competition between cities and 20 As for the spatially-lagged income variable, we weigh the density of streets (with respect to population) of each neighboring city by the bilateral distance. may bid up the price of labor in order to attract the required work force.
We thus expect the interaction terms, introduced in Columns 5 and 6, to be positive, reinforcing the spatial lag variable. This is indeed the case. The interactions of the spatial lag with both "High internal migration" and "Good surrounding infrastructure" are positive and significant.
The last column includes both interactions of the spatial lag as well as the interaction of market access with "High Immigration". All three of the interactions are significant. The coefficient of the original spatially-lagged income is now much reduced. The impact of neighboring cities is therefore at least partly due to migration and its associated spillovers.
Conclusion
This paper has examined the role of economic geography and spatial dependence in explaining the spatial structure of per capita income in China. Our econometric specification relates city-level per capita income to a transport-cost weighted sum of demand in surrounding locations after controlling for spatial dependence and endowments. The data come from a sample of 194 Chinese cities between 1995 and 2002.
We find that per capita income has increased due to both better market access and the reinforcement of spatial interdependence between Chinese cities. This effect of market access on income inequality depends on local immigration intensity. The elasticity of income to market access is much higher in cities located in provinces which are characterized by lower immigration. While further international trade integration of China is expected to fuel an upward pressure on wages, this can be mitigated by lower barriers to internal migration. In the light of this complementarity, further liberalization of internal migration may help to maintain the Chinese price competitiveness. These results confirm those in previous work (De Sousa and Poncet, 2007; Hering and Poncet, 2009 ).
We also find heterogeneity in the impact of spatially-lagged income, which has a stronger influence in cities with a higher percentage of intra-provincial migrants or which are surrounded by good infrastructure. This suggests that neighboring cities have a greater impact when the mobility of factors and goods is facilitated. In this case, knowledge spreads more easily and competition for workers is fiercer, increasing the city's income. 19.93 Bootstrap heteroskedastic-consistent standard errors in parentheses, with * * * , * * and * denoting significance at the 1, 5 and 10% levels respectively. Standard errors are corrected for clustering at the province level. The reported R-squared is the Within R-squared, which indicates how much of the variation of wages within the group of sectors is explained by our regressors. The critical value for the Cragg-Donald test is based on a 10% 2SLS bias at the 5% significance level (see Stock and Yogo, 2002) . * * * , * * and * denoting significance at the 1, 5 and 10% levels respectively. Standard errors are corrected for clustering at the province level. The reported R-squared is the Within R-squared, which indicates how much of the variation of wages within the group of sectors is explained by our regressors. 
